Purpose: To dramatically accelerate compartmental-average longitudinal (T 1 ) and transverse (T 2 ) relaxation measurements using the minimal-acquisition linear algebraic modeling (SLAM) method, and to validate it in phantoms and humans. Methods: Relaxation times were imaged at 3 Tesla in phantoms, in the abdomens of six volunteers, and in six brain tumor patients using standard inversion recovery and multispin-echo sequences. k-space was fully sampled to provide reference T 1 and T 2 measurements, and SLAM was performed using a limited set of phase encodes from central k-space. Anatomical compartments were segmented on scout images post-acquisition, and SLAM reconstruction was implemented using two algorithms. Compartment-average T 1 and T 2 measurements were determined retroactively from fully sampled data sets, and proactively from SLAM data sets at acceleration factors of up to 16. Values were compared with reference measurements. The compartment's localization properties were analyzed using the discrete spatial response function. Results: At 16-fold acceleration, compartment-average SLAM T 1 measurements agreed with the full k-space compartment-average results to within 0.0% 6 0.7%, 1.4% 6 3.4%, and 0.5% 6 2.9% for phantom, abdominal, and brain T 1 measurements, respectively. The corresponding T 2 measurements agreed within 0.2% 6 1.9%, 0.9% 6 7.9%, and 0.4% 6 5.8%, respectively. Conclusion: SLAM can dramatically accelerate relaxation time measurements when compartmental or lesion-average values can suffice, or when standard relaxometry is precluded by scan-time limitations.
INTRODUCTION
The image contrast afforded by tissue longitudinal (T 1 ) and transverse (T 2 ) relaxation times (1,2) is central to MRI's success in the clinic. The standard way of measuring MRI relaxation parameters is to acquire sets of images as a function of time as the NMR signal in each pixel returns toward equilibrium. However, the limited scan time available for clinical studies often precludes the acquisition of such image data. Consequently, T 1 -and T 2 -weighted images are routinely used in clinical protocols and quantitative T 1 and T 2 maps are not.
Although more efficient methods than the standard inversion recovery (IR) and multi-echo spin echo (MESE) sequences for mapping T 1 and T 2 values abound (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) , arguably, the IR and MESE sequences remain the gold standards for accurate T 1 and T 2 measurements and for validating newer faster methods. Nevertheless, in numerous applications the local average region-of-interest (ROI) measurements can suffice, as in T 2 -based monitoring of treatment response in brain tumors (14) or the use of blood T 1 to quantify cerebral blood flow (15) . Indeed ROI-based analyses are ubiquitous in MRI (16) (17) (18) . However, averaging voxel values for ROI measurements post-acquisition comes at a cost to the signal-to-noise ratio (SNR) that is about equal to the square root of the number of voxels being averaged, as compared to encoding the whole ROI directly (19) . In addition, much time is wasted in encoding the fine resolution that ROI averaging abandons. The time spent encoding and the lost SNR could better be spent on reducing scan time by directly encoding ROIs that provide compartmentaverage relaxation measurements from the outset.
We recently proposed the spectroscopy with linear algebraic modeling (SLAM) method to directly encode ROI-average spectra from arbitrarily shaped, user-defined compartments (19) (20) (21) (22) . The method provided dramatic acceleration factors of 4-to 120-fold, plus SNR efficiency gains, as compared to fully sampled scans acquired with conventional 1D-, 2D-, and 3D-encoded magnetic resonance spectroscopy (MRS). However, SLAM need not be limited to MRS. It can directly map any ROI-average MRI signal or relaxation parameter derived therefrom in the set of compartments that include all ROIs and signal sources in an image. The minimum number of phase-and/or sensitivity-encoding steps required for the task is equal to the number of compartments.
Here, we apply the SLAM method to perform ultrafast T 1 and T 2 mapping in phantom, abdominal, and brain tumor studies using reconstruction formulae similar to those used for SLAM chemical exchange saturation transfer (22) . SLAM is validated by omitting up to 15/16 (94%) of data acquired retroactively from IR and MESE sequences. We proactively apply it to accelerate abdominal and brain tumor T 1 and T 2 measurements by up to 16-fold in humans. Other than setting up the MRI sequence parameters, implementing SLAM requires only the specification of the number of compartments and a scout image. Compartment segmentation is performed post-acquisition; thus, re-segmentation and trial compartments can be implemented using the same SLAM data set. The localization properties of the two SLAM reconstruction algorithms (19, 20) are evaluated using the discrete spatial response function (dSRF).
THEORY

The SLAM Method
The central idea of SLAM (19) (20) (21) (22) is to group voxels defined by scout MRI into compartments, and reduce the number of phase-encoding (PE) gradient steps to a small subset of the original PE set. These are chosen from central image k-space to maximize SNR. A huge reduction in PE steps is possible because the number of unknowns is reduced from the number of image-space voxels (M; eg, 256
2 ) to the number of compartments (C; eg, 6-16). The compartmental segmentation information is built into an auxiliary matrix, b (19), which is incorporated into the standard Fourier transform (FT) reconstruction model (19) or the sensitivity encoding (SENSE) (23) reconstruction model (20, 22) . After dimensional reduction, two algorithms have been used to reconstruct the compartmental signals, q r c , involving the solution of:
where * adjoins matrix dimensions and Â denotes matrix multiplication. We shall denote the two reconstructions as SLAM1 and SLAM2, respectively (19, 20) . Here, E is the combined phase, frequency, and sensitivity-encoding matrix; S is the vectorized k-space raw data; þ denotes the Moore-Penrose pseudo-inverse; and M 0 is the number of known data points, equal to the product of the number of phase-encoding steps, the number of frequencyencoding steps, and the number of receiver coil elements (N c ). Note that in the limit of M 0 ¼ MN c , Equation [2] yields equivalent results to averaging the compartmental signals obtained from a fully-sampled FT (or SENSE) data set. Further details on SLAM reconstruction and the creation of the b matrix are provided as online supporting information.
SLAM Localization Properties
The localization properties of SLAM could be analyzed using a continuous spatial response function, SRF (19, 24, 25) . However, when SENSE is involved, a continuous sensitivity map is required to calculate a continuous SRF (26) . Although one can be generated, for example by interpolating a discrete sensitivity map, this is not trivial and the results are prone to error (27) . Moreover, a continuous SRF typically requires a continuous underlying ground-truth signal that cannot be measured in vivo. Thus, we have used a discrete sensitivity map and dSRF (20) , which treat the spatially discrete signals reconstructed from the standard discrete FT and/or SENSE model as ground truth. For the SLAM1 and SLAM2 algorithms, the corresponding dSRFs are respectively:
The reconstructed SLAM compartment-average signal equals the product of the dSRF with the underlying pixel-by-pixel image signals from the standard FT and/or SENSE model. Thus, the dSRF characterizes the source of the signal contributions in image space.
METHODS
The SLAM method requires anatomical scout images (with or without relaxation weighting) for segmenting compartments. The anatomical information is incorporated into the b matrix, along with the raw k-space data and the coil sensitivity maps for reconstruction, as above (19) (20) (21) (22) . SLAM was validated retroactively by comparing the results from subsets of MRI data extracted from full k-space PE sets, with those obtained by averaging the signal from the same compartments segmented from full kspace images. SLAM was validated proactively by applying the accelerated, reduced-PE sequences, and comparing the results with compartment averages obtained from full k-space acquisitions that were acquired separately.
All MRI experiments were performed on a 3 Tesla (T) dual-transmit Philips Achieva MRI scanner (R5.1.7 software; Best, Netherlands). All human studies were approved by the Johns Hopkins Institutional Review Board, and written consent was obtained from each participant. Phantom and brain studies used a 32-channel receive head coil array. Abdominal studies used a 32-channel receive torso coil array with 16 channels in each of the anterior and posterior sets. All full k-space scans, SLAM, and the anatomical images used for segmentation shared identical angulation parameters to facilitate image coregistration. All T 1 mapping studies employed a nonslice-selective adiabatic hyperbolic secant pulse (28) for initial IR inversion, followed by a 30 ms crusher gradient. The 180 pulses used for readout in turbo spin echo (TSE) (29) sequences were slice-selective sinc-center pulses.
The raw k-space data for the SENSE reference scan (23) and the relaxation time mapping scans were saved for offline SLAM reconstruction with an in-house program written in MatLab R2016a (MathWorks, Natick, MA) on a personal (2.7 GHz) laptop computer. SLAM reconstruction took less than 2 min for all phantom, abdominal, and brain studies described herein, after segmenting compartments and loading the k-space raw data into MatLab.
Phantom Studies
Agarose and copper sulfate were mixed in deionized distilled water to concentrations ranging from 0 to 110 g/L, and from 0 to 1.9 g/L, respectively. The solutions were heated in a microwave oven and poured into fifteen 3-cm-diameter, 11-cm-long tubes to cool and gel. MRI scanning commenced with a vendor-preset SENSE reference scan (27) using the body and SENSE coils consecutively, and a 3D gradient-echo (GRE) sequence (30) 
Abdominal Studies
Six healthy volunteers (ages, 25-36; all male) were recruited for abdominal relaxation time mapping. A radiofrequency field (B 1 ) calibration sequence based on the actual flip angle method (31) with dual TRs (20 and 100 ms) was used to shim the two transmit channels for optimum B 1 homogeneity in the abdomen, followed by a 3D GRE SENSE reference scan (FOV ¼ 600 Â 600 Â 400 mm; Two transaxial T 1 -weighted and T 2 -weighted scout images were acquired to target cross-sections of the liver and the kidney, and to segment compartments for SLAM reconstruction. Two sets of proactive SLAM T 1 and T 2 mapping scans were then acquired from each of the targeted cross-sections, using only 32 and 16 PE lines collected from the central k-space of the same MRI sequences. For each of the two proactive SLAM T 1 acquisitions, the scan duration was 42 s and 21 s (excluding two startup TRs for equilibration); the SLAM T 2 acquisitions took 19.2 s and 9.6 s (excluding four startup TRs).
Brain Tumor Studies
Six patients with grade III astrocytomas or grade IV glioblastomas (range of ages, 34-76; three males) underwent a SENSE reference scan using identical parameters to those used for the phantom studies. Anatomical imaging sequences including FLAIR (32) , with an interleaved multi-slice TSE readout (FOV ¼ 212 Â 189 Â 132 mm; resolution ¼ 0.83 Â 1.04 Â 2.2 mm; ST ¼ 2.2 mm; SG ¼ 0 mm; TR ¼ 11s; TE ¼ 120 ms; TI ¼ 2.8 s; turbo factor ¼ 19; SENSE factor ¼ 1.5; duration ¼ 3.9 min) and magnetization prepared rapid gradient echo (33) (FOV ¼ 212 Â 172 Â 165 mm; resolution ¼ 1 Â 1 Â 1.1 mm; TR ¼ 8 ms; TE ¼ 3.7 ms; TI ¼ 805 ms; SENSE factor ¼ 2; duration ¼ 3.4 min) were performed. Due to the long time required for full k-space relaxation-time imaging, reference T 1 and T 2 mapping scans could not both be acquired from all patients due to tolerance and clinical management issues. Both T 1 and T 2 mapping scans were obtained from only three of the patients; T 1 data was acquired from four; and T 2 data was acquired from five. One patient had both reference T 1 and T 2 scans, as well as proactive SLAM scans.
T 1 mapping used an IR sequence with seven TI values (50; 150; 300; 500; 800; 1,300; and 2,000 ms), and a 2D TSE readout (FOV ¼ 224 Â 224 mm; resolution ¼ 1 Â 1 mm; ST ¼ 2 mm; TR ¼ 3 s; TE ¼ 7 ms; turbo factor ¼ 16; SENSE factor ¼ 1; total duration ¼ 5 min). T 2 mapping used an MESE sequence with 16 TE values (15-240 ms; step size ¼ 15 ms) and a 2D TSE readout (FOV, resolution, ST, turbo factor, and SENSE factor the same as for T 1 mapping; TR ¼ 0.5 s; total duration ¼ 1.9 min). Full k-space T 1 and/ or T 2 mapping was implemented on transaxial sections intersecting areas of the brain tumor. Proactive SLAM T 1 and T 2 mapping utilized only the 32 PE lines from central k-space, resulting in a 42 s T 1 scan (excluding two startup TRs) and a 16 s T 2 scan (excluding 4 startup TRs).
SLAM Reconstruction and Data Analysis
The SLAM reconstruction was implemented in the following steps:
1. To account for any size and FOV differences in the reference scout images used for segmentation, relaxation time images were coregistered to the nearest anatomical reference image based on the slice offcenter locations from the image header files. The coregistered reference image was resampled and resized to match the acquisition FOV and resolution of the full k-space (unaccelerated) relaxation time images. Because MRIs typically undergo postprocessing to correct for geometric warping due to gradient field nonlinearity (34), whereas the SLAM algorithms presently do not account for gradient nonlinearity, reference anatomical images were post-processed to obtain uncorrected images for segmentation. 2. Every voxel of the coregistered anatomical image was assigned to a compartment. For the phantom experiments, 16 compartments were defined: 15 tubes plus the background (Fig. 1a) . For the abdominal studies, six compartments were typically defined on T 1 -weighted images, with the T 2 -weighted images also viewed, and included liver (avoiding major blood vessels) or kidney, spleen, muscle, fat, the rest of the body, and background. For the brain tumor studies, typically six compartments were defined on FLAIR images with the T 1 -weighted images also taken into consideration. These included tumor, contralateral normal-appearing white matter (CNAWM) (35) , rest of the brain, ventricle, scalp, and background. 3. Subsets of PE lines corresponding to acceleration factors of 1 R 16 were selected from the central k-space of the full k-space sequences for retroactive and proactive SLAM reconstruction. For example, the phantom experiment had 256 PE steps (from À128 to þ 127) for the full k-space T 1 and T 2 maps. Retroactive SLAM implementation with R ¼ 8 used the central PE steps from À16 to þ 15 obtained from the full k-space data set. Proactive SLAM implementation with R ¼ 8 used the same PE steps from a separately acquired proactive 32-step SLAM acquisition. An exception was the proactive brain tumor study, for which the central 28 PE steps from the 32-step SLAM data set were selected to match the R ¼ 8 used in the other studies. 4. Compartment-average image-space signals were reconstructed using the SLAM1 or SLAM2 algorithms, Equations [1] or [2] , the selected or acquired PE lines, and the compartmental segmentation information. Compartment-average T 1 values were solved by fitting TI and absolute SLAM1 and SLAM2 q r values to a three-parameter exponential function, q r ¼ a À b expðÀTI=T 1 Þ, with a, b, and T 1 as unknowns to be determined. Because the MRI signal magnitude was used, the inverted portion of the IR recovery curve was identified by negating either all of the q r values that occurred before or that included the minimal absolute value of q r , for the three-parameter exponential fitting. The result that generated the smaller fitting residue was chosen for the final T 1 value. Compartment-average T 2 was determined by fitting TE and q r values to a two-parameter exponential function, q r ¼ c expðÀTE=T 2 Þ, with c and T 2 as the unknowns. See Supporting Figure S2 for exemplary recovery curves.
The fully sampled compartment-average T 1 and T 2 values were taken as reference standards for comparing retroactively and proactively accelerated measurements. Pearson's correlation coefficient (r), and paired t test or Wilcoxon signed rank test were used to test for differences between reference and accelerated values. Pooled relaxation values that passed the Shapiro-Wilk normality test underwent paired t testing or otherwise Wilcoxon signed rank testing, with probability P < 0.05 considered statistically significant. The percentage differences between reference and accelerated values also were calculated.
The dSRF was computed using Equations [3] and [4] to compare the localization properties of SLAM with that of full k-space sampling. For display, compartmental average relaxation times were assigned to all pixels in each compartment and overlaid on the coregistered anatomical image. Figure 1 shows SLAM1 and SLAM2 T 1 reconstructions from the 15-tube phantom segmented into 16 compartments (Fig. 1a) . The full k-space sampling generated a perfect dSRF (Fig. 1b) , with values uniformly distributed within the target compartment that sum to 1.0 and are zero outside the compartment: the fully sampled SLAM2 dSRF yields the same result. The SLAM2 dSRF at R ¼ 8 (Fig. 1d) is very similar, whereas the SLAM1 dSRF at R ¼ 8 (Fig. 1c) shows some nonuniformity within the target. However, the final signal from SLAM1 and SLAM2 is not the dSRF but the summation of the dSRF multiplied by the underlying complex image signal. The summation of the complex dSRF for SLAM1 is 1.0 over the compartment in Figure 1c . On the other hand, the complex dSRF of SLAM2 sums to 0.94 within the compartment in Figure 1d , resulting in a slightly broader profile than the perfect dSRF, despite its improved uniformity within the compartment (20) . Nevertheless, there is no difference between the full k-space (Fig. 1e) , SLAM2 (R ¼ 8) (Fig. 1f) , and SLAM1 (data not shown) compartmentalaverage T 1 maps.
RESULTS
The measured T 1 values of all tubes from the full k-space data sets ranged from 195 to 2,980 ms, as shown in Figures  2a through 2d . T 1 values from both 8-fold and 16-fold accelerated SLAM1 and SLAM2 reconstructions did not differ significantly (P ! 0.08) from the standard full k-space measurements in Figures 2 (a-b, d ), but the difference in Figure 2c is borderline significant (P ¼ 0.04). differences between SLAM1, SLAM2, and full k-space reconstruction (P ! 0.2): mean percentage differences between the SLAM1, SLAM2, and full k-space reconstructions were 0.8%, with correlation coefficients r ! 0.998 throughout. Standard deviations (SD) in mean differences were 3.5% for proactive and 0.7% for retroactive SLAM T 1 (Supporting Fig. S3 ). For SLAM T 2 , they were-4.0% for proactive and 4.5% for retroactive implementations (Supporting Fig. S4) . Figure 3 shows the application of SLAM to the measurement of relaxation times in the abdomen. The dSRF of the spleen compartment obtained from full k-space (Fig. 3b ) and 8-fold accelerated SLAM2 reconstruction (Fig. 3d) are nearly identical, with the complex dSRF summing to 0.94. As in Figure 1 , the SLAM1 result is less uniform (Fig. 3c) even though the dSRF sums to 1. Moreover, there is little difference between the colorcoded compartmental T 1 maps obtained with the full k-space data (Fig. 3e) , SLAM2 (R ¼ 8) (Fig. 3f) , or SLAM1 (data not shown). Figure 4 compares the T 1 values from full k-space, SLAM1, and SLAM2 reconstructions pooled from abdominal compartments in all normal volunteers. The measured T 1 values (mean 6 SD, ms) from the full k-space data sets were 836 6 59; 1,372 6 91; 1,547 6 217; 1,321 6 33; and 377 6 23 for liver, spleen, kidney, muscle, and fat, respectively. These agree with literature values at 3T of 809 (36) in liver; 1,328 (36) in spleen; 1,142 to 1,545 (36) in kidney; 898 (36) and 1,420 (37) in muscle; and 382 (36) and 371ms (37) in fat, respectively. There were no significant differences between SLAM1, SLAM2, and the full k-space T 1 values (P ! 0.2; r ! 0.90). The percentage differences (mean 6 SD) between SLAM1, SLAM2, and full k-space values were 1.4% 6 10.1% for retroactive (Figs. 4a-d ) and 1.7% 6 24.8% for proactive implementations (Figs.  4e-h) . Figure 5 compares abdominal T 2 values from SLAM1, SLAM2, and full k-space acquisitions in the same compartments and subjects. The measured T 2 values from the full k-space data sets were 43 6 6, 68 6 9, 97 6 4, 36 6 6, and 103 6 6 ms for liver, spleen, kidney, muscle, and fat, respectively. Corresponding literature values are 34 (36) and 52 (38) for liver; 61 (36) and 91 (38) for spleen; 76-81 (36) and 127 (38) for kidney; 29 (36) and 32 (37) for muscle; and 68 (36) , 133 (37), and 103-143 ms in fat (39) . There were no significant differences between SLAM and the full k-space results in Figs. 5 parts a-d, f or h (P ! 0.07), although differences were observed in Figs. 5e and g (P ¼ 0.006 and P ¼ 0.004, respectively). However, the percentage differences between SLAM1, SLAM2, and the full k-space measurements were 3.2% 6 12.8% and 4.4% 6 13.5% for retroactive (Figs. 5a-d) and proactive (Figs. 5e-h ) implementations, respectively (r > 0.98). Figure 6 plots the absolute dSRF of a tumor compartment from full k-space (Fig. 6b) , SLAM1 (R ¼ 8) (Fig. 6c) , and SLAM2 (R ¼ 8) (Fig. 6d) reconstructions from a brain tumor patient. As in Figures 1 and 3 , the SLAM2 algorithm generates a more uniform dSRF than the SLAM1 algorithm, but the sums of the complex dSRFs within the tumor compartment are 0.84 and 1, respectively. Importantly, there is no difference between the full kspace (Fig. 6e) and SLAM2 (R ¼ 8) (Fig. 6f) the full k-space data sets were 1,518 6 223; 862 6 18; and 1,201 6 86 ms in tumor, white matter, and the rest of the brain compartments, respectively. The white matter values agree with literature 3T values of 832 (40), 758 (41), and 859 to 865 ms (9) . There were no significant differences between SLAM and full k-space measures in Fig and the full k-space results in Figures 8a-d (P ! 0.49; r ! 0.996). The percentage differences between SLAM1, SLAM2, and the full k-space results were 0.4% 6 6.2% and 1.6% 6 4.2% for retroactive (Figs. 8a-d ) and proactive (Figs. 8e-f) implementations, respectively. Figure 9 summarizes the performance of retroactive SLAM1 and SLAM2 compared to full k-space reconstruction in the three sets of studies. SLAM2 (black dots and lines) generally outperformed SLAM1 (blue dots and lines). SLAM performed best in phantoms and least well in the abdomen. SLAM2 with R ¼ 16 generated a percentage difference of 0.0% 6 0.7%, 1.4% 6 3.4%, and 0.5% 6 2.9% for phantom, abdominal, and brain T 1 measurements, respectively. The corresponding differences for T 2 were 0.2% 6 1.9%, 0.9% 6 7.9%, and 0.4% 6 5.8%, respectively. T 1 differences for the SLAM1 algorithm in phantom, abdominal, and brain studies were 0.1% 6 0.5%, 0.9% 6 10.1% and 2.7% 6 6.9%. The SLAM1 T 2 differences were 0.8% 6 4.5%, 3.2% 6 12.8% and 0.4% 6 6.2%, respectively.
DISCUSSION
Although developed for MRS (19) (20) (21) (22) , SLAM is a general localization method that can be applied to derive any compartment-average NMR parameter, as illustrated here for the first time with T 1 and T 2 . By directly encoding whole compartments, the spatial encoding set can potentially be reduced to as few as the number of compartments (19) (20) (21) (22) . Typically, this is 10 as compared to the number of PE steps required for regular MRI, say 256. The upshot is huge acceleration factors that could enable acquisition of new study data that would otherwise be precluded by scan-time limitations in the clinic. Furthermore, by always choosing the phase-encodes from central k-space, the SNR of SLAM approximates the maximum SNR achievable from the compartment. This can provide an SNR gain by a factor of up to ( ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi compartment size=pixel size p )-fold (19) to offset the ( ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi scan-time p )-fold loss in SNR due to the reduced scan time, as compared to the reference MRI. Because the PE steps and number of compartments are typically fixed for a given protocol, and because the segmentation and reconstruction are performed post-acquisition, the same truncated SLAM sequence can be applied as an add-on to regular protocols, and the results reconstructed from any desired set of segmented compartments post-exam.
Numerous methods have been proposed to measure in vivo T 1 and T 2 more efficiently than IR and MESE, but the latter remain reference standards for validation-as employed here, even though they also are subject to errors from B 1 inhomogeneity as well as echo-refocusing and diffusion. Compared to the full k-space compartmentaverage results from phantoms ( Figs. 1 and 2) , the abdomen (Figs. 3-5) , and brain tumor patients (Figs. 6-8) , SLAM2 values deviated overall by less than 1% 6 8%, while being up to eight or 16 times faster (Fig. 9 ) in both proactive and retroactive implementations (Figs. 2, 4 , 5, and 7, 8) . SLAM relaxation times also agreed with previous published reports at 3T. Moreover, as a localization vehicle, SLAM is not bound to standard IR and SE sequences-and could just as well provide such acceleration on top of the efficiencies afforded by newer relaxometry approaches when compartmental-average measures can suffice. The achievable acceleration generally depends on the size of the compartment and number of receive coil elements but not the number of TE or TI time points. Although the present study was limited to 2D relaxometry, SLAM is readily extended to 3D to provide even higher acceleration factors, as was demonstrated with 3D MRS (20) .
That SLAM performed better in brain tumor studies than in abdominal studies (Fig. 9) is likely due to the higher physiological motion in the torso. This, along with stochastic variations from the underlying SNR also explains a slightly worse agreement for the proactive studies, which are affected by scan-to-scan variations as compared to retroactive implementations that use the same source data (Fig. 4, arrows) . The smaller errors for proactive abdominal T 2 mapping may be due to the averaging effect of an echo train compared to the single shot T 1 mapping sequence. In principle, because compartments typically comprise tens of voxels, the intrinsic spatial signal averaging afforded by SLAM should mitigate the effects of motion or small displacements that arise between the scout and SLAM acquisitions. The high acceleration factors should also reduce susceptibility to motion artifacts, sporadic motion during acquisition notwithstanding.
SLAM reconstruction follows a top-down approach that starts with the standard reconstruction model (discrete FT with/without SENSE), upon which a priori compartmental information and the assumption of uniform compartments are imposed to reduce the dimension of the encoding matrices to create an accelerated PE set. theoretically avoiding the truncation artifacts from discrete FT (44) , cannot be practically validated from noncontinuous in vivo data (20) . Here, the localization properties of each compartment in SLAM are completely determined by multiplication of the dSRF with the image signal acquired from the standard discrete reconstruction model. Each compartment signal is the summation of this product over the sample volume. Because Equation [1] is exact (19) (20) (21) (22) , the complex dSRF for the SLAM1 algorithm must sum to 1.0 within each compartment. Thus, the summed dSRF•signal product for SLAM1 will agree with that from full k-space to the extent that the underlying signals are uniform, or at least to the extent that any fluctuations cancel when summed. Substantial nonuniform compartments can cause signal leakage into other compartments, which manifests as error in the SLAM compartmental averages as compared to their true (full k-space) average values. In practice, the SLAM2 algorithm tends to outperform the SLAM1 algorithm ( Fig. 9 ) due to its more uniform dSRF (Figs. 1, 3 , and 6) and robustness to intracompartmental signal inhomogeneity (20) , even though its summed dSRF is <1.0. For a given study protocol, computation of the SLAM dSRFs from a few full k-space data sets can guide the choice of a suitable acceleration factor that can provide adequate localization of the range of compartments likely to be encountered in the larger study population. The PE gradient sets used in SLAM are determined by the standard reconstruction model, which in turn is determined by the prescribed FOV. The standard reconstruction model does not have to be a full k-space model and can include SENSE-acceleration, as noted above (20, 22) . However, choosing a SENSE-accelerated model increases the PE gradient step-size for SLAM in proportion to the SENSE acceleration factor, which in turn can produce expansive side-lobes in the dSRF of the SLAM1 algorithm, as exemplified in Figure 13d of (20) . This was not seen here with the full k-space reconstruction model (Figs. 1, 3, and 6 ). In any case, as a further refinement, the PE gradient set can be chosen to optimize the dSRF for a given compartment using the fractional SLAM method (19) .
Methods of accelerating relaxation time mapping with compressed sensing and/or model-based approaches have advantages compared to SLAM of being able to generate pixel-by-pixel relaxation time maps (46) (47) (48) (49) (50) (51) (52) . Their disadvantages include the complexity and uncertainty associated with nonlinear reconstruction, and/or the particular relaxation model assumed for reconstruction. SLAM could be integrated with relaxation model-based approaches (47, 52) , albeit at the expense of being able to provide an explicit characterization of signal localization using the dSRF. View-sharing methods have also been used to accelerate relaxation time mapping (53) (54) (55) (56) , which can sacrifice high-frequency information and introduce errors at object edges (48, 54) . In contrast, SLAM does not re-use k-space data from the scout image per se, only binary compartment masks that are created from a scout image. The scout image can be acquired with a completely different sequence than a T 1 compartmental boundary information, it sacrifices intracompartment spatial resolution. When multiple tissue components are present in a compartment, SLAM relaxometry yields a tissue-fraction weighted average. Nevertheless, relaxation components-either macroscopic or microscopic-are still resolvable to the extent allowed by the timing parameters of the base T 1 and T 2 sequences and the SNR of the compartment.
CONCLUSION
When compartment-average relaxation time parameters can suffice, SLAM can provide accurate, highly accelerated, and SNR-efficient measurements of relaxation times that quantitatively agree with standard values which otherwise may not be possible due to study time constraints. The method also might be adopted to generate highly efficient compartment-average measures of diffusion, perfusion, and fMRI indices.
SUPPORTING INFORMATION
Additional supporting information may be found in the online version of this article Fig. S1 . Full k-space T 2 maps acquired with the readout gradient in the left-right (a) and in the anterior-posterior (b) directions, respectively. Significant respiratory motion artifacts arose (red arrow) with the readout gradient in the left-right direction. Figure 3 and Figure 6 , respectively.
